Context. The exact period determination of a multi-periodic variable star based on its luminosity time series data is believed a task requiring skill and experience. Thus the majority of available time series analysis techniques require human intervention to some extent. Aims. The present work is dedicated to establish an automated method of period (or frequency) determination from the time series database of variable stars. Methods. Relying on the SigSpec method (Reegen 2007), the technique established here employs a statistically unbiased treatment of frequency-domain noise and avoids spurious (i. e. noise induced) and alias peaks to the highest possible extent. Several add-ons were incorporated to tailor SigSpec to our requirements. We present tests on 386 stars taken from ASAS2 project database. Results. From the output file produced by SigSpec, the frequency with maximum spectral significance is chosen as the genuine frequency. Out of 386 variable stars available in the ASAS2 database, our results contain 243 periods recovered exactly and also 88 half periods, 42 different periods etc. Conclusions. SigSpec has the potential to be effectively used for fully automated period detection from variable stars' time series database. The exact detection of periods helps us to identify the type of variability and classify the variable stars, which provides a crucial information on the physical processes effective in stellar atmospheres.
Introduction
Iterative measurements of a quantity over time yield a time series. This work deals with time series obtained from photometric observations of variable stars, which is the photometric flux (or magnitude) versus time, with or without data gaps. The majority of astronomical measurements cannot be taken continuously over long periods of time due to several reasons. For ground based observations, daylight and the weather conditions are unavoidable sources of data gaps, and observations from space may suffer from cosmic particle impacts or stray light corruption occasionally producing data points beyond repair (Reegen et al. 2006) .
The method to extract physical information from timeresolved data is commonly known as time series analysis. The present paper is primarily dedicated to regular variables, which exhibit a strictly periodic photometric signal, so the primary goal of our analysis will be to identify the appropriate frequency in case of a mono-periodic star. If the detected frequency is exact, the intrinsic scatter of a phased light curve will attain a minimum. For multi-periodic variables, a step-by-step prewhitening procedure has established and is widely used in combination with multi-sine least-square fitting techniques (Sperl 1998; Lenz & Breger 2005 
Various astronomical surveys
Modern observational astronomy yields a huge amount of observational time series data available from various survey observations such as ASAS 2 (All Sky Automated Surveydetection of photometric variability), MACHO 3 (MAssive Compact Halo Objects -search for dark matter by gravitational lensing), EROS 4 (Expérience pour la Recherche d'Objets Sombres -search for and study of dark stellar bodies by their gravitational microlensing effects on stars), OGLE 5 (Optical Gravitational Lensing Experiment -search for dark matter by gravitational microlensing), ROTSE 6 (Robotic Optical Transient Search Experiment -searching gamma-ray bursts), The PLANET 7 Collaboration (Probing Lensing Anomalies NETwork -detecting and characterising microlensing anomalies), MISAO 8 Project (Multitudinous Image-based Sky-survey and Accumulative Observations -making use of images in the world for new object discoveries and data acquisition of known objects), Pan-STARRS 9 (Panoramic Survey Telescope And Rapid Response System -asteroids, comets, variable stars), LSST 10 (Large Synoptic Survey Telescope -variable sources, Transient alerts) and in the near future, more data are expected from the ESA 11 mission Gaia (three-dimensional map of the Milky Way), APASS 12 (AAVSO Photometric All-Sky Survey) etc. Even though these data are collected on different purposes, the data analysis of these time series can lead to the discovery of interesting new objects and variable stars.
Existing methods and their limitations
Various approaches existing at present to extract frequencies from a variable star's time series data, most of which are listed at the Geneva University website 13 . Many of them are based on the Discrete Fourier Transform (DFT), which can be regarded as a correlation between the measured time series and trigonometric functions -sines and cosines, with frequency as the independent parameter. The consideration of cosine and sine to represent a two-dimensional Fourier vector defines the Fourier space, and the normalisation of the cosine and sine covariances provides the length of the Fourier vector to return the signal amplitude. A plot of amplitude versus frequency is termed as the amplitude spectrum of the time series. Peaks in an amplitude spectrum indicate frequencies where the dataset correlates better with the trigonometric functions than elsewhere, and the idea of period detection is to assume that the highest peaks indicate signals produced by the star, whereas the lower peaks are due to random measurement errors and are frequently called noise. The simplest method to distinguish between signal and noise is to average the amplitudes over a certain frequency range and to compare the peak amplitude to this environmental mean (Breger et al. 1993) . One of the potential drawbacks of employing such a signal-to-noise ratio is that it depends on the frequency range used for averaging and -more critically -on (yet) unresolved signal components hidden in the noise.
The problem of finding the appropriate noise level in the amplitude spectrum -or the degree of randomness in a time series -was addressed by several authors providing different solutions. Some introduce corrections to the DFT itself, such as the Lomb-Scargle Periodogram (Lomb 1976; Scargle 1982) or the Date Compensated DFT (Ferraz-Mello 1981) , others apply statistical methods such as ANOVA analysis (SchwarzenbergCzerny 1996 (SchwarzenbergCzerny , 1997 . As an alternative to trigonometric functions, Akerlof et al. (1994) examined cubic spline fits for time series analysis.
A completely different way of period detection is the systematic examination of phased light curves modulo different periods and to determine the best-fitting period by minimising the intrinsic scatter of the phase plot. This was introduced as the stringlength method by Lafler & Kinman (1965) . The most common formal representation is the Phase Dispersion Minimisation (Stellingwerf 1978) . This method does not require any initial assumption on the shape of the periodicity and works also for nontrigonometric signals, but its application to multiperiodic data suffers from the systematic influence of unresolved signal com-9 http://pan-starrs.ifa.hawaii.edu/public/ 10 http://www.lsst.org/lsst 11 http://sci.esa.int/science-e/www/area/ind ex.cfm?fareaid=1
12 http://www.aavso.org/apass 13 http://obswww.unige.ch/˜eyer/VSWG/tools.html Table 3 ponents on the statistical behavior of the phase plots. Franois Mignard's FAMOUS 14 is a recent method, which uses a sinusoidal model to fit the data with the amplitude coefficients being either constant or a polynomial in time.
Most of the methods described above are effective in finding "true" frequencies, but mixed with spurious or alias frequencies with almost comparable amplitudes. There are some useful software packages like PERIOD04 15 , PERANSO 16 and MUFRAN 17 , but they require human supervision and intervention in between, so that automation is not easy. Although these programs are well-suitable for analysing a single star's data, they become extremely time-consuming if applied to huge time series databases. Hence in the era of petabytes of survey data, it is price-worthy to fully automate the process of frequency detection.
Frequency Analysis by SigSpec
The principle of SigSpec (Significance Spectrum) is described by Reegen (2007) . The ANSI-C source code of SigSpec as well as the user manual (Reegen-2010) can be downloaded at the SigSpec website 18 . The linux script and new add-on subroutines are available from the author. The method is based on the analytical solution for the frequency-domain Probability Density Function (PDF) of white noise, which depends on amplitude, frequency and phase, and on least-squares fitting of trigonometric functions to data. It has several advantages compared to the currently used Lomb-Scargle Periodogram, Phase Dispersion Minimization (PDM) and other Discrete Fourier Transform (DFT) methods. One of the advantages is that it defines a mathematical quantity called "Spectral Significance" (sig) and thereby another quantity, known as "Cumulative Significance"(csig) which permits to identify the most reliable period without any statistical bias. Through an iterative procedure, SigSpec detects the most significant frequency component and performs the corresponding prewhitening to find the next dominant frequency. We have modified SigSpec to handle global settings in addition to individual ones referring to each individual dataset. This additional option enables the software to handle multiple files in a fully automatic mode. For the present task, the SigSpec runs were encapsulated in a Linux shell script, and the appropriate handling of each light curve was realized through global adjustments. Thus SigSpec can now be used for an automated frequency search, since the dominant frequency is selected merely by a quantitative comparison rather than human visual inspection, which may be qualitative and biased in nature.
The initial attempts of the most of the time series data analysts is, through the visual examination on the time series data through respective plots to obtain the Nyquist sampling frequency and some other parameters needed for further analysis. Since we know that any kind of human intervention is timeconsuming for huge databases and is a barrier for automation, our attempt was to avoid such manual interruptions at any stage.
Application to ASAS Data
To show the accuracy and efficiency of SigSpec, under automation, we chose the ASAS2 project database 19 , which contains time series data files of 386 variable stars. The same database was employed for an automated frequency analysis previously by Min-Su et al. (2004) . The ANSI-C source code and the scripts needed to run the Min-Su's program MS Period can also be downloaded at his website 20 . Even though that was the previous published work aiming automation of period detection, the method does not define a mathematical or statistical quantity, based on which the true period can be selected. The quantities used in that approach, such as AoV or χ 2 -statistic will be of less help for choosing the single true period quantitatively by a computer program. For each star, the method gives the possible ten candidate periods and their light curves. Afterwards the true period has to be confirmed again by visual inspection of the light curves. However Min-Su's paper explicitly describes the need for automation and the related uncertainties involved during the automation process.
SigSpec setup
Our proposed procedure starts with the application of SigSpec to all 386 time series files, one by one. The automatic creation of proper runtime environment for running the SigSpec over each time series file is taken care by a Linux script, which also creates the required "SigSpec.ini" file for each time series. The SigSpec default settings are applied, except to the following four parameters, which has to be specified in the "SigSpec.ini" file during the run-time. They are 1. lfreq -The lower frequency limit was set to 1 T , where T is the total time span of the time series. 2. nycoef -In the chosen ASAS database, the time-domain sampling of several datasets is sparse compared to the expected frequency according to Min-su et al. (2004) . To overcome the ambiguity in defining a Nyquist Frequency for nonequidistant sampling, Reegen (2010) Table 1 Coefficient. Each sampling interval of width δt k = t k − t k−1 is considered to have its individual Nyquist frequency (2δt k ) −1 . For an upper frequency limit f u , the Nyquist Coefficient is defined as the fraction of sampling intervals for which (2δt k ) −1 > f u . By default, the program SigSpec assigns the value of the Nyquist Coefficient as 0.5, which may be reasonable in many situations and to restrict the frequency values in the expected range. For the specified ASAS database, the Nyquist Coefficient was given as 0.9 in order to set a larger value for the upper frequency ufreq. The total run-time for each time series and hence for the entire database depends mainly on this value. 3. iterations -By default, SigSpec stops its calculations, if the sig drops below 5. For our tasks, we used a fixed number of 5 iterations to keep the computation time reasonable 21 and because our task was to compare the dominant frequencies to the values from the ASAS database. 4. siglimit -In some cases, before completing the 5 iterations specified above, the sig value may drops below 5, and the program may not give the required 5 results. In order to avoid this situation, the default significance limit of 5 was modified. Thus in order to detect weaker signal components in the case of noisier datasets, a siglimit of 2 was specified.
Apart from these, two major add-ons to SigSpec were developed to improve both the performance and our results.
-The five frequencies with the highest cumulative sig are taken into account to identify the fundamental in a possible set of harmonics. In some of the cases, it was found that the cumulative sig for the fundamental frequency is lower than that of an integer multiple. In order to compensate this, we introduced an add-on which picks the fundamental frequency and brings it as the first, by checking all the integral overtones among each other.
-For all ground-based observations, 1 d −1 alias will be present and hence the statistical behavior of the sampling characteristics in Fourier Space is taken into account appropriately by SigSpec. However, ground-based single-site data additionally suffer from nightly zero-point uncertainties. These invoke signals in the domain of 1 d −1 and integer multiples, which are intrinsic to the time series. Consequently, SigSpec considers these pseudo-signals significant in the sense of not due to noise. To overcome this potential problem in our automated analysis, we explicitly put a condition to avoid frequencies between 0.99 d −1 and 1.01 d −1 while selecting the frequency with maximum sig from the results of SigSpec.
Results and Discussion
Among the 386 ASAS datasets under consideration, there was one corrupt file (135546-2911.5) and one time series file consisting of only two measurements (052927-6852.0). These two files were rejected initially, and we performed the fully automated frequency analysis for the remaining 384 stars. The summary of our results are as follows.
• For 95 stars, (88+4+3 = 95) (˜25 %) (Table 1) , the SigSpec frequencies are integer or half-integer multiples of the published frequencies. Out of these:
-in 88 cases, the SigSpec frequency is twice the published frequency, -in 4 cases, the SigSpec frequency is 4 times the published frequency, -in 3 cases, the SigSpec frequency is half the published frequency, This is not necessarily to be interpreted as a disagreement, but may rather indicate the presence of a non-sinusoidal waveform, which is represented by a fundamental frequency plus integer harmonics in Fourier space. In these 95 cases, SigSpec assigns a higher statistical significance to a different representative of the same non-sinusoidal periodicity as published.
The 42 periods (˜11%) flagged as "different", no reasonable assignment to integer or half-integer multiples of the published values is possible. Among these datasets, 27 are strongly contaminated with alias frequencies of 1 d −1 . Table 4 shows that the SigSpec results represent various linear combinations of the published frequency and 1 d −1 , such as f +1, f −1, 2 f +1, 2 f −1, etc., where f is the published frequency. Since the ASAS data represent ground based measurements, it is not surprising that we obtained 1 d −1 alias frequencies of the published results, which represent an ambiguity common to all time series incorporating periodic gaps. This drawback can only be overcome by continuous measurements over a sufficiently long period of time and is rather intrinsic to the data than a particular weakness of the applied method, as addressed earlier by Reegen (2007) . The analysis in terms of frequency instead of period reveals such combina- Table 2 tions of true frequencies with the alias frequency. For the remaining 15 stars, there is no obvious agreement between the SigSpec result and the published frequency (Table 3) . Out of these 15 results, two phased light curves are displayed in Figure 1 , which shows that the periods and light curves obtained by the SigSpec method are better than the published ones. For 4 stars, no frequency was published in the ASAS catalogue and the SigSpec frequencies are given in (Table 2 ). The corresponding light curves are displayed in Figure 3 . As indicated in Tab. 2, the time interval covered by the measurements is sufficient for a reasonable phase coverage, and the sig values are fairly high. Thus the periodicity is very probably present in the data. The first three stars with star-ID's 112422-6123.3, 114127-6216.1 and 112756-6123.6 are Cepheid variables with periods ranging from 1 to 16 days and amplitude variations from 0.1 to 0.2 magnitudes. The fourth light curve corresponding to the star-ID, 170022-2145.0 shows that, it is a Recurrent Novae, which is similar to Novae, but with few small outbursts during the observed time span.
Conclusions
We investigated several existing programs and software packages which are used for the time series analysis of variable stars and found that human intervention is required in some way to confirm the true period. Full automation could be achieved only with SigSpec combined with few additional subroutines. The majority of results are found to be satisfying with the published frequencies. Thus SigSpec turned out to be a useful utility for future massive variability surveys and also for the re-analysis of already existing time series data of periodic variables. Figure 2 
